Household income surveys often fail to capture top incomes which leads to an underestimation of income inequality. A popular solution is to combine the household survey with data from income tax records, which has been found to result in significant upward corrections of inequality estimates. Unfortunately tax records are unavailable in many countries, including most of the developing world. In the absence of data from tax records, this study explores the feasibility of using data on house prices to estimate the top tail of the income distribution.
Introduction
Estimates of income inequality are conventionally derived from household income and expenditure surveys. Due to the sizeable cost of collecting accurate data on household standards of living the sample size of these surveys generally constitutes less than half a percent of the total population. Unfortunately, the rich are often missing or under-covered, either due to non-response or under-reporting of income or both, see the recent literature on top income shares (e.g. Atkinson et al., 2011) . Surveys still permit accurate estimation of median income and measures of poverty, even when data on top incomes are poor or are missing all together, since the rich make up a small percentage of the total population. For the estimation of income inequality however, having good data on top incomes is crucial.
A remedy that has gained considerable traction recently is to estimate the top tail of the income distribution using data from income tax records. This estimate of the top tail can then be combined with an estimate of the bottom part from the household survey to obtain an estimate of the complete income distribution (Atkinson, 2007; Alvaredo, 2011; Alvaredo and Londoño Vélez, 2013; Diaz-Bazan, 2014; Anand and Segal, 2015) . 1 Income tax records denote the ideal source of data as far as top incomes are concerned. For lower incomes tax records may be less reliable, here the household income survey arguably denotes the ideal data.
When household survey and tax data are combined in this way, the Gini index for (i) the United States in 2006 increases from 59 to 62 (Alvaredo, 2011), (ii) Colombia in 2010 from 55 to 59 (Alvaredo and Londoño Vélez, 2013) , and (iii) Korea in 2010 from 31 to 37 (Kim and Kim, 2013) .
For all the pros of income tax records, the availability of the data is unfortunately rather limited, particularly in developing and emerging economies.
The World Top Incomes Database (Alvaredo et al., 2015) for example includes no countries from the Middle East and North Africa region. Furthermore, data derived from tax records are less useful in places where tax evasion is more pervasive, as is the case in many developing countries. It should also be noted that combining household survey data and tax records is not without complications because the two data sources use different income definitions (disposable versus taxable) and have different units of analysis (households versus tax units, which could be individuals).
In the absence of data from tax records, this study explores the feasibility of using data on house prices to estimate the top tail of the income distribution.
Market house price data can often be obtained more easily and, most importantly, tend to be available in the public domain, in contrast to tax administration data which are subject to important confidentiality concerns and require cooperation from governments. Also, house sellers have no incentive to understate the value of their homes, in contrast to the income they report on their tax returns.
Using house prices as an alternative to income tax records demands two methodological innovations to the study of top incomes. Firstly, we will not be observing actual household income or expenditure (as is the case with tax record data), but rather a predictor of income. Secondly, a database with house price listings is generally not obtained using a particular sampling design. Therefore, the data are not guaranteed to provide a nationally representative sample, they will arguably be biased towards large urban centers. We will propose workable solutions to both these challenges that will hopefully contribute to a wider use of this approach. Note that the methodology is not restricted to the use of house prices, it can be applied to any database containing predictors of top incomes.
We illustrate our approach with an empirical application to Egypt which provides a good testing ground for our method. In addition to being a major Arab country, inequality in Egypt is of considerable interest not least because it has been cited as one of the factors behind the Egyptian revolution (Hlasny and Verme, 2013) . Estimates of inequality based on household surveys suggest that inequality is low in Egypt and that it has declined in the last decade to a Gini of around 31 in 2009. Using house prices to capture top incomes we find that inequality may be significantly underestimated in Egypt. The Gini for urban Egypt in 2009 is estimated at 47.0 compared to a survey-only estimate of 36.4. Our results are in contrast with other studies using different methods of adjusting for top incomes in Egypt (Hlasny and Verme, 2013) , which report a more modest effect. 2 Their correction however does not consult a second source of data. If the main problem is that high income earners are simply missing from the survey, then no adjustment that relies soley on the survey will resolve the downward bias in estimates of inequality. The only way to obtain a meaningful correction is to bring in a second source of data that carries the necessay information on top incomes and hence will permit for the consistent estimation of income inequality. This reasoning is shared by Alvaredo and Piketty (2014) who similarly argue that the household survey data by itself is insufficient to estimate top incomes in Egypt.
While they make an appeal for making data on income tax records available, we propose to work with house price data instead. It should be noted that relying on predictors of top incomes rather than actual incomes derived from tax records is not without caveats, so that in cases where tax record data are available these should undoubtedly be considered first. We certainly believe however that our approach provides more reliable estimates of inequality than estimates obtained using survey data alone. The perfect should not be the enemy of the good. This paper is related to a number of other studies which have tried to correct household surveys for the problem of missing or underreported top incomes. 3 Korinek et al. (2006) exploit geographic variation in response rates to correct for selective non-response in the United States. Lakner and Milanovic (2015) exploit the gap between household surveys and national accounts to adjust the top end of the income distribution. 4
This paper is structured as follows. The methodology is presented in Section 2.
In Section 3 we introduce the data used in the empirical application to Egypt. The empirical application itself is presented in Section 4. Finally, Section 5 concludes.
Methodology

Combining income survey with top income data
The objective is to estimate the level of income inequality for a given population.
We will refer to database 1 (DB-1) as the primary data source for the estimation of inequality. It is assumed that top incomes are mostly missing from this database. Database 2 (DB-2), which we will refer to as the secondary data source, primarily contains data on top incomes but generally not on lower incomes. Estimates of income inequality will be biased if computed using any single one of these databases. It takes a combination of the two to obtain consistent estimates of inequality. DB-1 commonly represents a household income or expenditure survey. For DB-2 researchers often look at tax record data, as is discussed in the introduction.
Let us denote household income by y and its cumulative distribution function by F (y). Let τ denote the income threshold above which we will refer to incomes as "top incomes", and let λ measure the share of the population enjoying a top income, i.e. λ = P r[Y > τ ] = 1 − F (τ ). It is assumed that DB-1 permits a consistent estimator for F 1 (y) = P r[Y ≤ y|Y ≤ τ ], and that DB-2 permits a consistent estimator for F 2 (y) = P r[Y ≤ y|Y > τ ]. By the same token it is 3 Recently, the EU-SILC survey in some countries began using register-based information (including tax records) for some questions (Jäntti et al, 2013) . This is of course preferable to any ex-post combination of these different data sources, as we use in this paper. In the year after the introduction of the register data, the Gini index for France increased from 39 to 44, which is consistent with the previously used household data underestimating top incomes (Burricand, 2013) .
4 See also the study on global interpersonal inequality by Anand and Segal (2015) who append for every country the estimated top 1% share to the household survey distribution. The latter is assumed to represent the bottom 99%. For the majority of countries, the top 1% share is predicted from a cross-country regression using the top 10% share in the household survey.
assumed that DB-1 does not permit a consistent estimator for F 2 (y), while DB-2 does not permit a consistent estimator for F 1 (y). Suppose also that an estimate of λ is available. 5 Given estimates of F 1 (y), F 2 (y) and λ, an estimator for the complete income distribution function F (y) can be obtained as follows:
Given F (y), any measure of income inequality can readily be computed. Alternatively, one may appeal to the sub-group decomposition of one's inequality measure of choice, which would by-pass the need for evaluating the income distribution for the population (F (y)). We have two sub-groups, those with income below τ (sub-group 1) and those with income above τ (sub-group 2). Let P k denote the population share of sub-group k, and let S k denote their corresponding income shares, i.e. S k = P k µ k /µ, where µ k and µ measure average income in sub-group k and the total population, respectively. Note that P 1 = 1 − λ and P 2 = λ. Let us also define S 1 = 1 − s and by extension S 2 = s. It can be verified that income inequality as measured by the Gini coefficient satisfies the following decomposition (see e.g. Alvaredo, 2011) :
where Gini k measures the Gini coefficient for population sub-group k. A similar decomposition can be obtained for the mean-log-deviation M LD (see e.g. Shorrocks, 1980) :
and for the Theil index T (see e.g. Shorrocks, 1980) :
where M LD k and T k measure the mean-log-deviation and Theil index for population sub-group k, respectively. Note that the between-group inequality components of both the mean-log-deviation and the Theil index equal the difference between the arithmetic-and the geometric mean income levels. They differ only in the weights used in the geometric mean; the mean-log-deviation weighs the subgroup means by their population shares whereas the Theil index weighs them by their incomes shares.
An inspection of the three sub-group decompositions tells us that the Theil index will be most sensitive to the top tail of the income distribution. 6 To illustrate the significance of the top tail to total inequality consider the limit where the population share of top income earners tends to zero (λ → 0) while their income share tends to some positive value (s > 0). It can readily be seen that the between-group inequality component of the Gini coefficient tends to s > 0 in that case, while the within-group inequality among top income earners tends to zero, i.e. G → (1 − s)Gini 1 + s. It follows that the between-group inequality component for the mean-log-deviation tends to log (1 − s) −1 , while also here (as with the Gini) the within-group inequality among top earners tends to zero (yet it does not discount the contribution of within-group inequality among non-top earners), i.e. M LD → M LD 1 − log (1 − s). The Theil index stands out as the only of the three inequality measures where the within-group inequality among top earners does not vanish (i.e. makes a positive contribution to total inequality) while the between-group inequality component will tend to infinity (when µ 2 tends to infinity as λ → 0 while s > 0).
An alternative to top income data: Challenges
As stated in the previous section, DB-2 (the top income database) typically takes the form of tax record data. This data has at least two advantages: (1) it directly observes realized incomes (which makes the estimation of F 2 (y) or any income statistics such as inequality among top earners rather straightforward), and (2) it provides a count of the number of top income earners, which makes for a straightforward estimation of λ. A key disadvantage of tax record data is that they are often difficult to obtain access to them. Moreover, they are more likely to be available in developed countries with good quality data systems in place, and less likely to be available in developing countries.
This paper explores the feasibility of using an alternative to tax record data that is more readily available. The empirical application presented in Section 4 considers data on house prices compiled from publicly available real estate prop-6 Hence it is expected that any efforts made to fix the top tail of the income distribution by bringing in complementary data (top income database) will be rewarded the most by the Theil index. erty listings as the alternative. 7 The advantage of these data is that their availability extends to developing countries. The flip-side is that they also introduce a number of key methodological challenges due to the fact that the alternative database: (a) observes predictors of income, not actual incomes, and (b) need not constitute a proper sample, so that it is unclear what population is being represented by the data.
The following two subsections aim to provide workable solutions to these two challenges that will hopefully contribute to a wider application of this approach.
A database of predictors of top incomes
Let us first focus on the challenge posed by observing a predictor of household income rather than actual income. Consider the following assumption.
Assumption 1 Suppose that household income can be described by:
where x h denotes the predictor of household income, ε h denotes a zero expectation error term, subscript h indicates the household, and where β denotes a vector of model parameters.
The assumption of a log-linear model is motivated by ease of exposition and by the fact that it fits our empirical data remarkably well. This assumption can however be relaxed by accommodating flexible functional forms for m(x h ; β) if the data call for it.
Let F ε (e; σ) denote the distribution function of ε h with unknown parameter vector σ. We will assume that ε h is identically distributed across households, although this assumption can easily be relaxed. Note that the unknown parameter vectors β and σ both have to be estimated. In our empirical application, where the value of housing is considered as a predictor of income, the two can be estimated using the household income survey, since it includes both data on household incomes and data on the value of housing.
It will be convenient to define n(τ, y) as the number of households with income between τ and y, n(τ ) as the number of households with income exceeding τ , and n as the total number of households in the population. For ease of exposition we will ignore the fact that the data may constitute a sample with sampling weights.
7 Alternatively one could for example also look to data on mortgages or credit card statements. However, this approach may not be feasible in countries with underdeveloped or non-existing mortgage markets. 
When DB-2 does not contain data on household incomes but data on a predictor of household incomes instead, we have that n(τ, y) and n(τ ) can no longer be observed with certainty and so have to be estimated. Consider first an estimator
where 1(a > b) denotes the indicator function that equals 1 if a > b and 0 otherwise. In practice of course β and σ will have to be replaced with their respective estimatorsβ andσ. Similarly, an estimator for n(τ, y) can be obtained:
Givenn(τ, y) andn(τ ), we may construct the estimatorsF 2 (y) =n(τ, y)/n(τ ) andλ =n(τ )/n. Combined with the estimator for F 1 (y), which is estimated using DB-1 (i.e. the household income survey) we have all we need to estimate F (y) (see eq. 1), the income distribution for the complete population. This in turn is all we need to compute any inequality measure of choice.
No assumptions have been made about the distribution of x h at this point.
Let us assume that the top end of the distribution of x h can be described by a Pareto distribution.
Assumption 2 Let G 2 (x) denote the distribution function of x conditional on
x > x 0 . It is assumed that G 2 (x) follows a Pareto distribution with shape param-eters α:
For ease of exposition let us also assume that the income threshold τ is set suffi-
It then follows that top incomes, exceeding the income threshold τ , too are Pareto distributed.
Proposition 4 Given Assumptions 1, 2 and 3, F 2 (y) follows a Pareto distribution with shape parameter θ = α/β 1 :
Proof By Assumption 3 we have:
This is equivalent to:
Appealing to Assumptions 1 and 2, the term P r[Y ≤ y|X > x 0 ] is seen to solve:
with θ = α/β 1 and
into eq. (14) yields:
which completes the proof.
Note that θ controls the thickness of the top end of the income distribution, which is a key determinant of income inequality; the smaller the value of the tail index θ, the larger the proportion of high incomes, the higher the value of inequality. Under the assumption that top incomes are Pareto distributed, the mean top income level takes on the following form:
This mean top income level features in the computation of the top income shares as well as the computation of the between-inequality components. 8
Population underlying top income database is unclear
Let us next address the challenge that emerges when the data underlying DB-2
are not necessarily representative of the whole population (i.e. households with incomes exceeding τ ). Consider the possibility that DB-2 has "over-sampled" some and "under-sampled" other households among the top earners, such that DB-2 no longer yields a consistent estimator for F 2 (y) unless some corrective efforts are made. This is a rather realistic scenario as the data may constitute a series of transactions or listing prices rather than a proper sample drawn from the target population. For ease of exposition we will assume that DB-2 observes actual household incomes and not predictors of income, so that we may focus exclusively on the challenges presented in this section.
We will assume that the data is representative for selected sub-populations and that a representative "sample" can be obtained by anchoring DB-2 to some known population totals. Suppose that the target population can be sub-divided into D districts with d = 1, . . . , D indicating the district. The top income distribution 8 As an alternative to assuming a Pareto distribution for the top tail, and estimating the tail index parameter, one could also appeal to multiple imputation methods, see e.g. Douidich et al. (2015) . This approach might in fact be more practical in case a more flexible functional form for m(x h ; β) is being considered.
for district d will be denoted by
Using this notation the complete income distribution for district d, denoted F d (y), satisfies:
where
The density functions corresponding to F 1,d (y), By definition the distribution of top incomes for the whole population solves:
with
These mixing probabilities permit the following decomposition:
where π d denotes the share of the total population (regardless of income) residing in district d. We make the following assumption.
Assumption 5 It is assumed that:
• The data at hand permits consistent estimation of (
• The district population shares {π d } are known. 
Under Assumption 6,λ d presented below provides a consistent estimator for λ d :
Proof Evaluating the first-order derivative of F d (y) from eq. (16) with respect to y yields:
By Assumption 6, f d (y) is continuous in y, which imposes that
Rearranging the terms in this equality gives us the following solution for λ d :
The estimator for λ is obtained by replacing f 1,d (τ ) and f 2,d (τ ) with their estimators. Provided that all terms on the right-hand side of eq. (21) are consistently estimated, which is guaranteed by Assumption 5, it follows that the estimator for λ d will be consistent.
Finally, note that the sub-group inequality decompositions presented in Section 2.1 can readily be extended to accommodate the sub-division of the top tail into D districts. (Note that the bottom segment can in principle stay as is, i.e.
need not to be sub-divided into districts.) Let us denote the income share going to the top tail from district d by 
3 Data we will be abusing terminology by often referring to income inequality and the income distribution even though our data measures expenditures, not income. with an estimate that is obtained using a combination of household expenditureand house price data.
As discussed in detail in
Real Estate Data
In late 2014/early 2015 we obtained data on houses and apartments for sale from two Egyptian real estate firms: Betak-online and Bezaat. 12 The two rank among the larger real-estate firms whose listing database can be accessed online;
analogous to Redfin and Zillow in the United States. The data differ in detail but a listing typically consists of the asking price, the location (the city or a further subdivision), and the date when it was listed. Interviews with the Ministry of Housing in Cairo confirmed that the listing price provides a good approximation to the actual sales price. of listings which we exclude, the three largest groups being land, shop, and chalet.
The model that relates the value of the house to household expenditure (per capita) is estimated using the household survey data, which report (imputed)
rents not property prices. We will be assuming that rent-and sale (or listing) prices are proportional to each other, which is sufficient for our needs. median senior executive income is closer to the maximum income than to the median income of the richest 1 percent in the household survey, and the maximum income earned by senior executives is much higher than the maximum income in the household survey, it appears that the household survey under-represent the top earning households, particularly the top earning senior executive households.
Similarly, in Vietnam the top salaries recorded in their household survey are less than half of average executive salaries obtained from corporate salary surveys (World Bank, 2014) . In the case of Argentina, Alvaredo (2010) finds that while the tax data have almost 700 observations with incomes exceeding 1 million USD, there are none in the Argentine household survey. In a comparison of 16 Latin American household surveys, the ten richest households have incomes similar to a managerial wage, which is arguably substantially smaller than the incomes of top capital owners (Székely and Hilgert, 1999) .
Empirical application
This section presents our empirical application to Egypt. As outlined in the methodology section we combine data on household expenditures with data on house prices. The household expenditures are obtained from the 2009/10 Egypt Household Income, Expenditure and Consumption Survey (HIECS), which is also used for Egypt's official estimates of poverty and inequality. The house prices represent listing prices for houses that have been put up for sale via two large real estate firms operating in Egypt. We use the real estate database to estimate the top end, defined as the top 5 percent, of the income distribution. The "bottom" 95 percent of the income distribution is estimated using the HIECS.
The following practical decisions and assumptions are made: (a) we restrict the analysis to urban Egypt only (this can be extended to apply to all of Egypt under the assumption that rural households do not rank in the top of the income distribution in Egypt), (b) it is assumed that house sale prices are proportional to (imputed) rental values (as the household expenditure survey contains data on rents only, and we rely on the survey to identify the relationship between house value and household income), (c) it is assumed that the Pareto tail index of the income distribution has been stable between 2009/10 (the time of the survey) and 2013/14 (the time of the house price database), (d) it is assumed that one house constitutes one household (the fact that top income households could be associated with multiple houses may lead us to under-estimate inequality), and (e) we will only be using house price data for Cairo and Alexandria to estimate the top tails of their respective income distributions. For the rest of urban Egypt the entire income distribution will be estimated using the HIECS. The latter decision is motivated by the fact that: (i) the lion-share of the "rich" that are missing or whose incomes are understated in the HIECS arguably reside in either Cairo or Alexandria, and (ii) the real estate markets are most developed in Cairo and Alexandria such that the coverage and the quality of the house price data is highest for these two districts. Table 2 provides some basic statistics on the number of observations available to us. For the house price databases we only counted observations above the median house price value (which practically coincides with the mode of the house price density). Since we are interested in the top tail behavior of the house price distribution, we do not use the lower house price values. 
Pareto tail index estimated on income survey data
This subsection presents first estimates of the Pareto tail index of Cairo's and Alexandria's income distributions by using household survey data only. These estimates will serve as a reference point. Under the assumption of Pareto distributed top tails we have that: 1 − F 2 (y) = y τ −θ . Rearranging terms yields:
If this assumption holds true, a plot of log (y) against − log (1 − F 2 (y)) should reveal a linear relationship with a slope parameter equal to 1 θ . Figure 1 provides this plot using the top 10 percent of the household expenditure data from the HIECS. For the majority of data points a linear relationship seems to provide a reasonable fit. A deviation from linearity can be observed however toward the far end of the income spectrum, where the slope appears to fall. Consequently, we should expect estimates of θ to come out higher if we were to increase the income threshold above which observations are included. Observe that the HIECS estimates the top tail of the income distribution to be heavier (lower tail index) in Cairo than in Alexandria. Put differently, top income shares and income inequality is estimated to be highest in Cairo, which is arguably what one would expect. Relative ordering put aside, the question is whether the tail indices are being over-estimated, i.e. whether the thickness of the top tails are being under-estimated. The next sub-section will address this question by consulting data on house prices.
Estimating the tail index using both income and house price data
We will go through the following steps in order to estimate the Pareto tail index θ by combining data on household expenditure from the HIECS with data on house prices. First we estimate the tail index associated with the top end of the house price distributions in Cairo and Alexandria, which we denoted α (see Our estimator is arguably on the conservative side in this case; our data appears to indicate that the tail index for Cairo is more likely to be lower than higher.
In other words, if anything, we may be slightly under-estimating the top income share (and hence inequality) for Cairo. Obviously, where we draw the line for α is to a certain degree arbitrary. Toward the end of Section 4.3 we will briefly comment on how the range of α observed here may transalte into a range for θ and by implication a range for estimated levels of inequality.
Next we need estimates of β 1 . Here we fully rely on data from the HIECS.
Before we imposed a functional form on m(x), which describes the relationship between household expenditure per capita and the value of the houseold's house Estimates of β 1 appear to be less sensitive to where we place the cut-off for the data included in the estimation when compared to estimates of α. See Figure 6 which investigates howβ 1 varies with the number of top observations included in the regression. The grey area indicates the 95 percent confidence interval.
Notice howβ 1 is reasonably stable across the different cut-offs considered, which is consistent with the degree of linearity observed in Figure 5 . The dotted lines denote the estimates that will be used in our analysis (see the values reported the first column of Table3), which are obtained as the value ofβ 1 for the top 10 percent (90th percentile) for Cairo and for the top 15 percent (85th percentile) Table 4 : Estimates of π, λ and P Notice that our estimate of λ finds that the percentage of households residing in Cairo and Alexandria with incomes exceeding τ is larger than what the HIECS alone would have us believe. This combined with the earlier observation that θ mix <θ svy leads us to believe that relying on survey data alone will arguably under-estimate both the number of households with high incomes as well as the size of their incomes (either because top income earners are missing in the survey or because they under-report their incomes, or both). Table 5 : Estimates of S, Gini, M LD and T heil
Estimates of total inequality for (urban) Egypt are obtained by adding estimates of bottom-and between inequality to the estimates of top inequality reported in Table 5 . Bottom inequality (i.e. inequality among households with income below τ ) is estimated using the HIECS only. The between inequality component is estimated using data from both sources as it is a function of average income among top earners (which is a function of θ; see eq. 15) as well as a function of λ (in the case of MLD) and of the top income share S (in the case of the Theil index), see equations (4) and (7). In the case of the Gini coefficient we implement the approximate decomposition that is also used by Alvaredo (2011) :
The total inequality estimates are presented in The precision of our estimate of inequality is largely determined by the precision with which we are able to estimate α and β 1 (provided that the assumptions under which the estimators have been derived reasonably apply to the data at In other words, it would take a very conservative estimate forθ mix to reproduce the survey-only estimate of inequality. The estimate we consider most reasonable finds a Gini coefficient for (urban) Egypt of 47.0, which is roughly 10 points higher than the survey-only estimate. Of course, by the same token, we may also be under-estimating inequality. Working with values of θ toward the lower end of our estimated range yields estimates of inequality that are noticeably higher than the Gini coefficient of 47.0.
Concluding remarks
A growing literature has shown that household surveys provide only limited information about top incomes and therefore underestimate income inequality. This paper presents a method that corrects for this underestimation. We use the household survey for the bottom part of the distribution and combine it with another data source that provides a better coverage of the top tail. The existing liter-ature has restricted itself to the use of tax record data to capture the top tail.
Unfortunately income tax records are unavailable in many countries, including most of the developing world. Our method permits a much larger set of data for the top tail; the only requirements are that the data (i) contain a good predictor of household income, and (ii) provides a good coverage of the top tail.
We apply this method to Egypt, where estimates of inequality based on household surveys alone are low by international standards. Using publicly available data from real estate listings to estimate the top tail of the income distribution, we find strong evidence that inequality in Egypt is being underestimated. The
Gini index for urban Egypt is found to increase from 36 to 47 after correcting for the missing top tail.
